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Northern bobwhite (Colinus virginianus) monitoring (e.g., covey-call surveys) is laborintensive and imprecise. We evaluated the influence of bobwhite covey size and cover type on
covey detectability when surveyed with a thermal camera-equipped small unmanned aerial
system (sUAS). We placed bobwhite groups (3, 6, and 12 individuals/cage) among three cover
types (grass, shrub, forest) on a private farm in Clay County, Mississippi (3 replicates, 27 total
cages). At civil twilight, the sUAS flew over cages at 30 m, capturing photographs every 5 s. We
asked 31 volunteers to evaluate 57 photographs for covey presence. Overall true positive rate
was 0.551, but improved with increasing covey size. Coveys in grass had lowest true positive
rate by photograph (0.403), followed by forest (0.562) and shrub (0.605). Results indicate that
thermal sUAS could be a viable method for surveying intact bobwhite coveys, especially if
detection of smaller groups and those in denser vegetation improves.
Key words: northern bobwhites, small unmanned aerial system, sUAS, infrared, thermal camera,
thermal imagery
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CHAPTER I
QUANTIFYING THE INFLUENCE OF COVEY SIZE AND COVER TYPE ON NORTHERN
BOBWHITE COVEY DETECTION BY A THERMAL CAMERA ON A SMALL
UNMANNED AERIAL SYSTEM
1.1

Introduction
The northern bobwhite (Colinus virginianus; hereafter bobwhite) is an upland game bird

found throughout the eastern half of the United States (U.S.) that has experienced large
population declines (Brennan et al. 2014). Bobwhites have been recognized by the International
Union for Conservation of Nature and Natural Resources (IUCN) as a near threatened species
since 2004 (BirdLife International 2016). North American Breeding Bird Survey data suggest
bobwhites have experienced range-wide annual declines of ~3.47% since 1966 (Sauer et al.
2017). However, large-scale population declines of bobwhites were occurring long before the
mid-twentieth century (Hernández et al. 2013). Federal incentives programs and other efforts,
such as the National Bobwhite Conservation Initiative (NBCI), have been established to help
restore bobwhite populations on public and private lands to 1980 abundance levels and monitor
progress toward that goal (Burger et al. 2006, The National Bobwhite Technical Committee
2011).
Targeted management efforts of the NBCI call for consistent and reliable population
counts to assess progress toward management goals (Evans et al. 2011). Landowners and
researchers monitor the progress of their management efforts through seasonal population
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surveys. Current methods for estimating bobwhite abundance include spring breeding surveys,
roadside counts, line transects, helicopter transects, and morning covey-call surveys (Guthery
1986, Evans et al. 2011). Breeding season surveys in May and June record the number of calling
males detected (Guthery 1986). The most common method for estimating fall population size,
the morning covey-call survey, records the number of calling coveys detected within an audible
survey radius (Guthery 1986). Precision related to resulting density estimates from these surveys
is typically poor due to the variability in calling rates in the summer (Twedt et al. 2007) and fall
(Wellendorf et al. 2004).
Because it is more predictive of abundance during the hunting season than breeding
season counts, the morning covey-call survey is often used at the state level to monitor bobwhite
populations, measure progress toward target density, and set bag limits and hunting season dates
(Morgan et al. 2016). Covey-call surveys include individuals born in the summer, while the
breeding season surveys only measure the density of males that are sexually mature in early
summer. Unfortunately, covey call counts may not yield a reliable estimate of density when
compared with other methods (DeMaso et al. 1992, Rusk et al. 2007), especially due to
significant observer error (e.g., 18-49% coefficient of variation) during surveys that may impact
perceptibility of coveys (Rusk et al. 2009). Additionally, covey call frequencies are variable,
further biasing density estimates from undetected coveys, which must be available to be detected
and will not be represented if they do not call during the survey (Guthery 1986). Weather, such
as barometric pressure changes (Wellendorf et al. 2004) and wind speed (Seiler et al. 2002,
Wellendorf et al. 2004), have been shown to affect calling frequency and probability as well.
The primary limitations of covey-call surveys are logistical constraints (e.g., associated
observer bias and manpower requirements) and detectability constraints (e.g., fluctuating calling
2

rate, perceptibility). Three assumptions of covey-call surveys are not always met: 1) consistency
of covey calls (i.e., constant volume, single covey is not perceived to be in different locations
due to calling patterns), 2) a spatially and temporally consistent percentage of calling coveys, and
3) observers who do not double-count coveys (DeMaso et al. 1992). Researchers have concluded
that point-transect covey-call surveys are not useful for producing a precise and accurate
abundance measure when compared to line transect surveys (DeMaso et al. 1992). Also, covey
detection probability is not consistent from site to site, or even year to year (Rusk et al. 2009).
Therefore, Rusk et al. (2009) recommends determining site-specific detection radii beforehand
and having surveys conducted by the same observers when possible. However, this is not a
realistic recommendation for all sites, as it may be difficult to determine the detection radius
beforehand and observer availability may fluctuate. Despite the limitations of covey-call surveys,
they remain one of the most utilized survey methods for monitoring bobwhite populations in the
non-breeding season. However, the need for alternative monitoring methodology will likely
become more paramount as bobwhite populations continue decline, thus becoming more difficult
to monitor (i.e., Duren et al. 2011).
Point-transect covey-call surveys have been found to be less precise and reliable
compared to line (flush) transects and helicopter transects (Rusk et al. 2007). However, many
managers rely heavily on point-transect covey-call surveys because they generally require less
effort to survey a site than line transects. Helicopter transects have been shown to have
comparable outcomes and cost and require less time than walked transects (Rusk et al. 2007).
However, helicopter transects may not be suitable for all cover types (i.e., forest) because of the
need to fly low enough to flush coveys (e.g., 18 m in Rusk et al. 2007). In addition, the use of
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manned aircraft is dangerous; from 1937 to 2000, the most prevalent work-related cause of death
in wildlife biologists was aircraft accidents (Sasse 2003).
A possible alternative to ground and helicopter counts is the use of a small unmanned
aerial system (sUAS) and thermal imagery to detect and count northern bobwhites. Small
unmanned aerial systems and thermal cameras are an emerging tool in wildlife studies. Early
tests of the effectiveness of handheld thermal cameras for wildlife studies demonstrated a lack of
reliability in detecting birds and their nests (Boonstra et al. 1995, Mattsson and Niemi 2006).
However, recent research demonstrates increased potential of handheld and sUAS-mounted
thermal cameras in wildlife monitoring (Hodgson et al. 2016, Scholten et al. 2019, Stephenson et
al. 2019). A similar trend has also been shown with the general use of sUAS for wildlife surveys,
with some dubious yet promising initial results (e.g., Jones IV et al. 2006, Chabot and Bird 2012,
Gillette et al. 2013), followed by increasingly reliable outcomes with improved technology in
recent years (e.g., Bryson et al. 2014, Hodgson et al. 2016, Wilson et al. 2017, Scholten et al.
2019).
There are a few advantages to using sUAS as an alternative to ground or helicopter
counts. The use of sUAS for wildlife surveys may produce results comparable to or more
accurate than other traditional methods (Gillette et al. 2013, 2015, Hodgson et al. 2016) and may
increase efficiency (Scholten et al. 2019). The combination of sUAS and thermal cameras has
been used with some success in surveying other species of Galliformes, though only with lekking
species (Gillette et al. 2013, 2015, Smith et al. 2016). Multiple researchers note that sUAS
create opportunities to monitor areas that would have been more difficult with traditional
methods (Chabot and Bird 2012, Sardà‐Palomera et al. 2012, Wilson et al. 2017, Scholten et al.
2019). Estimates from sUAS data have been shown to be more accurate than traditional counting
4

methods in tropical and polar seabirds (Hodgson et al. 2016). Also, sUAS equipped with thermal
cameras can locate grassland bird nests at an efficiency level similar to traditional methods
(Scholten et al. 2019, Stephenson et al. 2019), with less disturbance from people when mounted
on a sUAS (Scholten et al. 2019).
Wildlife response to sUAS varies by species, life history stage, the sUAS platform, flight
path, flight approach, and flight altitude (Mulero-Pázmány et al. 2017). Research suggests
changing sUAS direction (e.g., McEvoy et al. 2016, Mulero-Pázmány et al. 2017) or altitude
(e.g., Vas et al. 2015, McEvoy et al. 2016, Mulero-Pázmány et al. 2017) over birds can disrupt
their behavior. Even if no maneuvers occur over birds, increased heart rate and behavioral
responses are still possible (Weimerskirch et al. 2018). However, sUAS-mounted thermal camera
surveys may be less invasive than ground lek counts, since they do not require flushing the lek
(Gillette et al. 2015). Gallinaceous birds may be disturbed when the sUAS is flown at certain
altitudes. A recent study quantifying sharp-tailed grouse (Tympanucus phasianellus) reaction to a
thermal camera-equipped sUAS found that the flush rates were greater at 30 m than at 121 m and
higher with wind speeds over 10 kph (Rischette et al. 2020). However, minimal research exists
investigating disruption thresholds for Galliformes.
Few studies have attempted the use of thermal imagery and sUAS to survey gallinaceous
birds. Greater sage grouse lek (Centrocercus urophasianus) counts using a mid-wave infrared
camera on a fixed-wing aircraft have been shown to be an alternative to ground counts; however,
there was substantial variance among datasets (Gillette et al. 2013). Although infrared
technology is more expensive, lek surveys were more efficient with infrared camera imagery
than with ground counts (88 leks in 4 days compared with 88 leks in 29 days, respectively) and
equally reliable (Gillette et al. 2015). Portable cameras and dogs have been used to locate and
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capture Montezuma quail for radio-transmitter attachment (Chavarria and Kocek 2012). An
infrared camera on a fixed-wing aircraft has also been used to study Columbian sharp-tailed
grouse (Tympanuchus phasianellus columbianus) (Smith et al. 2016).
Bobwhites congregate in coveys during the non-breeding season. Coveys are a nonbreeding season adaptation that allow bobwhites to forage longer and detect predators quicker
(Williams et al. 2003), as well as improve thermoregulation (Case 1973). Stoddard (1931)
defined a covey as “an aggregation of individuals of convenient number.” Researchers have
suggested that 11 individuals is the optimal covey size and tradeoffs occur with greater or fewer
individuals. Understanding covey density is valuable to state agencies for setting and evaluating
management objectives (Morgan et al. 2016); however, the current method of surveying calling
coveys has known limitations (DeMaso et al. 1992, Rusk et al. 2007, 2009). Technological
advances could potentially resolve some of these issues related to detection of coveys that are not
calling, but the efficacy of remotely-sensed technology and thermal imagery is still not well
understood.
Currently, the efficacy of sUAS-produced thermal imagery for use in bobwhite
monitoring efforts has not been systematically evaluated. Challenges to the efficacy of this
method include limitations of the technology (e.g., battery life, camera focal length, etc.),
regulated use (e.g., visual line of sight, airspace, etc.), and obstruction of thermal signature by
vegetation, and discernibility of heat signatures. Thermal cameras have improved in the last
twenty years and continue to show promise for counting wildlife, but vegetation obstruction
continues to be an issue (Boonstra et al. 1995, Gillette et al. 2013, Smith et al. 2016, Stephenson
et al. 2019). Vegetation type, topography, and thermal contrast all influence the quality of
imagery from a sUAS-mounted thermal camera (Beaver et al. 2020). However, researchers have
6

noted that vegetation obstruction and topography are not an issue unique to thermal cameras, but
are also an issue for ground surveys as well (Gillette et al. 2013). Species discernibility has also
been an issue in some thermal camera studies (Boonstra et al. 1995, Santhaseelan et al. 2012,
Gillette et al. 2013, Bryson et al. 2014, Stephenson et al. 2019).
Individual bobwhites are small and could be difficult to discern from other animals even
when using higher-resolution visual spectrum sensors. However, the non-breeding season could
be the best time to use thermal imagery because leaf senescence should minimize visual
obstruction and covey formation should maximize detectability. Latitudes where ambient
temperature drops during the non-breeding season may permit better discrimination of thermal
signatures from the environment. In addition, leaf senescence is beneficial for thermal imagery
because visibility from the sUAS to the ground should be unobstructed. Coveys should be more
easily recognized than individuals would be because bobwhites roost in a unique ring pattern
(Stoddard 1931) consequently creating a unique, recognizable thermal signature.
Another concern of utilizing thermal camera technology is discernibility: the level of
confidence in recognizing the target species in an image. Scientists have found success with
neural networks and grid thresholding for discerning whale blows from whitecaps and flocks of
birds (Santhaseelan et al. 2012). An early study of the use of an unmanned aerial system to count
birds used a recognition algorithm to discern individuals (Abd-Elrahman et al. 2005). Rather
than needing to identify individuals within a covey, our primary need is to discern bobwhite
coveys on a landscape from other species. Discernibility is a legitimate concern that has yet to be
fully resolved in most wildlife applications using sUAS.
Although some challenges exist, a sUAS could allow biologists to detect non-calling
coveys that are either unavailable for detection (i.e., not calling) or calling but not detected by
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observers during morning auditory covey-call counts. Depending on image resolution, this
technology could someday even allow surveyors to count individuals within a covey, providing a
refined estimate of density. Because the efficacy of sUAS and thermal cameras can be influenced
by vegetation structure and covey size, the objective of this study is to assess the influence of
bobwhite covey size (three, six, and twelve) and cover type (grass, shrub, and forest) on covey
detectability by an sUAS equipped with a thermal camera. We hypothesized that cover type
would influence covey detection by obstructing detection of the thermal signature. We predicted
that grass and shrub would have greater true positive rates than forest. Further, we hypothesized
that covey size would influence covey detection by forming larger, more visibly distinct thermal
signatures. We also predicted that larger coveys of six and twelve bobwhites would have greater
true positive rates than coveys of three bobwhites.

1.2

Study Area
The study occurred at B. Bryan Farms in Clay County, Mississippi (33.66566, -

88.56342). The site encompasses over 5,000 acres in the Blackbelt Prairie physiographic region.
The recovery of bobwhites is a management priority, especially in the remaining acreage used
for hunting and conservation. Over 2,000 acres of B. Bryan Farms are used for a cow/calf and
stocker beef cattle operation and over 850 acres are used for crop production. As of 2018, the
land composition of B. Bryan Farms was 40% pasture, 19% forest, 17% cropland, 17%
conservation-enrolled land, and 12% voluntary conservation practices.
Vegetation species found at the study site include Rubus spp., goldenrod (Solidago spp.),
partridge pea (Chamaecrista fasciculata), beggar’s lice (Desmodium spp.), milkweed (Asclepias
spp.), big bluestem (Andropogon gerardii), little bluestem (Schizachyrium scoparium), and
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Indiangrass (Sorghastrum nutans), and invasive species such as Brazilian vervain (Verbena
brasiliensis), Bermuda grass (Cynodon dactylon), and Johnson grass (Sorghum halepense). Tree
species in the wooded area on the perimeter of the prairie include sweetgum (Liquidambar
styraciflua), Chickasaw plum (Prunus angustifolia), sawtooth oak (Quercus acutissima), water
oak (Quercus nigra), eastern red cedar (Juniperus virginianus), and American elm (Ulmus
americana).
In 2019, the average high was 24.7°C and the average low was 12.8°C, based on weather
data from nearby Columbus, Mississippi (33.4677, -88.3847; National Centers for
Environmental Information, National Oceanic and Atmospheric Administration, Asheville, NC).
The annual precipitation for the nearest city of West Point in 2019 was 164.62 cm (33.592446, 88.640965; NCEI, NOAA, Asheville, NC).

1.3
1.3.1

Methods
Project Overview
The project began with preparing cages for the study, planning, and creating maps. Prior

to sUAS surveys, we built 27 30 cm x 60 cm x 18 cm quail cages from 14 ga welded wire fabric.
We spray-painted cages black to increase the emissivity to allow the cage to appear invisible to
the infrared camera. We designed a study to evaluate true positive rates by different covey sizes
(3, 6, or 12) and different cover types (grass, shrub, or forest) at B. Bryan Farms. I created a map
using ArcGIS (ESRI, Redlands, CA) and randomly selected locations for coveys within three
cover types. Each covey size appeared three times in each cover type. I clustered groups of three
different covey sizes together and created a flight zone around each cluster, based on a 30-meter
radius around each pre-determined bird location (Figure 1.1). I created a geo-located PDF map
9

for use in Avenza Maps (Avenza Systems, Inc., Toronto, ON) for navigation. After initial tree
height measurements, a 30 m altitude was selected because this altitude would be as near to the
ground as possible, but sufficient to clear the trees.
On the day of the flight, we placed twenty-seven cages with three covey sizes of penraised bobwhites (3, 6, or 12) among three vegetative cover types (grass, shrub, woods) in
locations we predetermined (3 replicates, 27 locations total, Figure 1.1). A sUAS equipped with
a thermal camera was used to capture photos of the caged coveys from above, to determine
covey true positive rate from still photographs. We completed sUAS surveys in eight missions
on the night of March 5, 2020 starting at civil twilight until the completion of flights. The first
photograph was taken at 1804 CST, and the final photograph was taken at 1946 CST.

1.3.2

Drone System and Operation Details
A certified sUAS pilot flew a DJI Matrice M200 V2 small unmanned aerial system

(sUAS; 883 x 886 x 398 mm; SZ DJI Technology Company Ltd., Shenzhen, Guangdong, China)
over the pre-determined flight zones. The four-rotor, rotary-wing sUAS was powered with 6S
LiPo batteries of 7660 mAh capacity (up to 38 minutes of flight time).
The sUAS launched and landed from the same location, but the location changed for each
flight. The pilot and sUAS traveled via work truck or utility terrain vehicle between flight paths
and the sUAS was launched near the next flight path to maximize battery life. Specialized
equipment for takeoff was not needed. The sUAS was controlled by a GL900A DJI Remote
Controller.
The operating mode of the sUAS was autonomous for launching and execution of the
flight path, but switched into manual operation (remote control) for landing. The operator used
10

DroneDeploy (Drone Deploy Inc., San Francisco, California) on a tablet computer to plan and
execute missions (sample flight path in Figure 1.2). A single pilot operated the sUAS and three
observers watched for obstacles.

1.3.3

Payload Sensor, and Data Collection
The sUAS flew along the pre-determined flight paths at a height of 30 m above ground

level, captured photographs, and stored photographs in an onboard SD card. The thermal camera
captured a photograph approximately every five seconds and traveled 6.44 to 8.05 km/h. A video
screenshot of the path was taken from the sUAS pilot’s tablet using an app called
MyScreenRecorder (MyMovie Inc., Huamao City, Beijing).
The sUAS was equipped with a DJI Zenmuse XT2 640x512 thermal infrared camera (7.5
- 13.5 µm; 13 mm focal length; 8 mm focus; 60 x 54° field of view; 0° tilt angle; SZ DJI
Technology Company Ltd., Shenzhen, Guangdong, China) with an uncooled VOx
microbolometer and a FLIR DJI Zenmuse XT2 dual payload gimbal (FLIR Systems,
Wilsonville, OR). From a visual graph of field of view size by flight elevation from the Infrared
Training Center (Infrared Training Center, FLIR Systems, Nashua, NH), it was determined that
each photograph taken by the thermal infrared camera represented an area of approximately 20 m
x 24 m.

1.3.4

Permits, Regulations, Training, and Logistics
The FAA-certified sUAS pilot obtained a Part 107 waiver from the Federal Aviation

Administration for §107.29 – Daylight Operations. Although the field site is within the airspace
of Columbus Air Force base, no extra permit was needed due to the low sUAS flight altitude (30
11

m). Three students trained through a Night Operations Training course through Rupprecht
Drones (www.rupprechtdrones.com, Rupprecht Drones, Palm Beach County, FL) were available
as spotters during flights. The sUAS methods detailed here are provided based on the protocol
suggested by Barnas et al. (2020).

1.3.5

Formal Analysis
We derived photograph metadata from using the function read.exif in package exifr

(Dunnington and Harvey 2019) and SpatialPoints in sp (Pebesma and Bivand 2005) in Program
R (R Foundation for Statistical Computing, Vienna, Austria) and extracted northing and easting
values to select all photographs within 30 meters of a known experimental covey location. We
determined which photographs corresponded to which cover type and covey size by finding the
difference in the location of the photograph compared to the location of coveys located within
that flight path. We evaluated the three nearest photographs per covey for covey presence and
retained only those where a covey heat signature was identified during visual inspection.
Thirteen of the twenty-seven coveys were confirmed using the map of covey locations and the
video screenshot.
We selected 58 photographs with and without coveys. Selection of photographs without
coveys was based on the absence of a covey in the photograph and proximity to other known
coveys. We selected the 13 confirmed covey photographs and 45 photographs without coveys (n
= 58 total photographs for evaluation). Similarly, we selected three videos with known detections
and three videos with no known covey detections and cut them into six 40-second video
segments. We ensured each cover type was represented and randomly ordered the photos and
videos.
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We pasted each photograph into a PowerPoint slideshow and superimposed a grid of 143
cells (13 x 11) over each photograph (Figure 1.3). Since each photo represented approximately
20 m x 24 m, each grid cell was estimated to represent approximately 2 m x 2 m. We evaluated
photographs with positive detections and recorded the cell location of the covey. We provided
sample photographs of coveys using photographs from a pilot study and photographs not
otherwise used in the slideshow to familiarize and orient photograph evaluators. Similarly, we
added each selected video into a PowerPoint slideshow and added two vertical lines to create
three segments (Figure 1.4). When the video was inserted into PowerPoint and played, a
stopwatch time was visible that counted upward from 0:00 to 0:40. We noted the times (e.g., a
covey appears onscreen at 0:32) and segment number of each covey that appeared in the video
(hereafter: segment/time).
We distributed the PowerPoint slideshow via email to graduate students in the
Department of Wildlife, Fisheries and Aquaculture at Mississippi State University and
professional wildlife biologists in Mississippi. We asked observers (i.e. photograph evaluators)
whether a covey was detected in each photograph or video (Yes or No), the cell locations of
coveys (e.g., A7), and the segment/time number for videos. We also asked observers if they had
any experience interpreting aerial thermal imagery in the last 5 years to determine if experience
level would be an informative covariate. All data entry cells had dropdown menus to streamline
the information process standardize data options.
Once we received the responses, we assigned a 1 or 0 for every cell in every photograph
to allow calculation of true positives, false positives, false negatives, and true negatives.
Similarly, we assigned a 1 or 0 for every segment and time combination in videos (hereafter:
segment/time; S1T1, S1T2 . . . S1T40, S2T1, S2T2, etc.) For the videos, the observer had to
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correctly identify both the segment and time of covey detection; thus, incorrect segment-correct
time, correct segment-incorrect time, and incorrect segment-incorrect time errors would all be
considered false positives. We allowed for ±2 s for the video time (i.e., for a covey appearing in
the middle of the screen at 0:13, the times 0:11, 0:12, 0:13, 0:14, and 0:15 were acceptable when
coordinated with the correct segment). In the videos, the approximate travel time of the coveys
from the bottom to the top of the screen was about 5 s. If the observer’s prediction fell within 2 s
of the true time, we assigned a “1” to the true time and a “0” to the surrounding times, so that all
observers within the range of a correct value would all be considered to have selected the same
segment/time. For the photographs, the observer only needed to identify a covey within the
correct coordinates to obtain a positive detection.
We combined all data pertaining to photographs into one spreadsheet using Program R
using the function rbind. We created contingency tables for each observer using lapply in R. We
averaged rates of each observer, and then used that to create confusion matrices for covey
detection by photograph and by cell for each cover type and covey size, as well as video
detection and video segment/time. From these values, we computed accuracy, error rate, true
positive rate, false positive rate, true negative rate, false negative, precision, and prevalence. The
true positive rate represented when the observer correctly believed there was a covey, the false
positive rate when the observer falsely believed there was a covey, the true negative rate when
the observer correctly believed there was no covey, and the false negative rate when the observer
falsely believed there was not a covey. Accuracy was calculated by adding the number of true
positives and true negatives and dividing by the total number of photos, cells, videos, or
segment/times. Error rate was calculated by adding the number of false positives and false
negative rates and dividing by the total number of photos, cells, videos, or segment/times.
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Precision was calculated by dividing the number of true positives by the number of predicted
positives (false positive plus true positive). Finally, prevalence was calculated by dividing the
number of actual positives (i.e., the number of photos with confirmed coveys or the number of
cells with confirmed coveys) by the total number of photos, cells, videos, or segment/times.
The study was funded by the Bryan-Burger Endowment for Bobwhite Habitat
Restoration and approved by the Mississippi State University Institutional Animal Care and Use
Committee (protocol ID# IACUC-19-211).

1.4

Results
Thirteen of the twenty-seven simulated coveys were confirmed in photos using maps and

the video screenshot. We created sixteen confusion matrices (Table 1.1, Table 1.2, Table 1.3,
Table 1.4). We received 31 responses to our survey from two Quail Forever biologists, two
postdocs, one research associate, two Mississippi Department of Wildlife, Fisheries and Parks
biologists, and 24 MSU graduate students. Of these, only one observer had experience
interpreting thermal imagery in the last five years. On average, observers recorded 15.1 photos
they believed to contain coveys, 23.2 cells, 3.4 videos, and 5.5 segment/times. Of the 13
confirmed coveys, observers correctly recognized an average of 7.16 photos containing coveys
(55.1%) and 6.23 cells containing coveys (47.9%). No observer correctly identified all 13 photos
or cells, but five observers found more than 75% of photos (at least 10) containing coveys and
two observers found more than 75% of cells (at least 10) containing coveys. For the three
confirmed videos and seven coveys within those videos, observers correctly recognized an
average of 2.6 videos (86.0%) and 2.0 segment/times (29.0%). Twenty observers correctly
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recognized there was at least one covey in three videos. For the segment/times, no observer
correctly identified more than three of the seven.
The true positive rate was greater for photographs than cells, and greater for video than
segment/time (Table 5). For photographs, the true positive rate was least for grass and greatest
for shrub, closely followed by forest. However, shrub also had the highest false positive rate by
photograph. This suggests that there were more covey-like thermal signatures in photographs
within shrub. By cell, the false positive rate was 0.4% or less for all cover types. Thus, observers
rarely believed that a covey was present in a cell when that was not the case, but they only
correctly identified the true cell location 41.9 to 51.6% of the time.
Cover type and covey type influenced detection. By cell, grass had the least true positive
rate, followed by shrub, and forest with the greatest true positive rate (Table 5). Therefore,
observers correctly identified the correct cell of a covey in forest about half the time, and less
than half for the other two cover types. By photograph and cell, over half of coveys were
correctly identified in forest. For photographs and cells, detection improved with increasing
covey size. True positive rate was greater for covey size twelve and by covey size six and was
least for covey size three (Table 5).
The true negative rate was at least 0.995 for cell and segment/time. This suggests that the
grid cells and segment/times without coveys were fairly obvious. However, the false negative
rate was 0.521 for cells and 0.710 for video, suggesting that the locations of actual coveys were
not always obvious to the observer.
Observers classified individual cells per photograph with greater accuracy than they
classified each photograph. Accuracy of detection assigned per photograph was comparable to
the accuracy of detection assigned per video, primarily because detection per cell or segment
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time had a true negative rate of at least 0.989. The accuracy by cell per photograph or
segment/time by video was comparable as well. However, accuracy of detection per cell or
segment/time was greater than the accuracy per photograph or video. This can be explained by
the high true negative rates of 0.998 by cell and 0.995 by segment/time.
Cover types and covey sizes had similar accuracies. By photograph detection, grass and
forest were similar, but shrub was lower in accuracy (Table 1.5). Covey sizes six and twelve had
the greatest accuracy rates by photograph. However, the three cover types were within 0.3%
accuracy by cell and the three covey sizes were within 0.1% accuracy by cell, probably because
the overall prevalence of possible correct values was very low.

1.5

Discussion
For this study, accuracy is not the best measure of detection because it considers true

negatives. It is important for observers to be able to recognize that there is not a covey in a
picture. However, the true positive rate is a better measure of detection because it only considers
correct covey identifications, which is what we want to maximize in a field setting. Observers
correctly identified coveys more often per photograph than per cell in a positive photograph and
more often for videos than the correct segment/time within positive videos. Determining if there
was a covey in a photograph or video required less precision than choosing the exact location of
that covey within the photograph or video.
While photographs are the prevailing standard for sUAS-based wildlife surveys, the true
positive rate was better in my study for videos, suggesting that videos could produce greater
precision density estimates than photographs alone for the untrained observer. Videos allow for
multiple perspectives on a covey as it moves across the screen, helping to confirm coveys and
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eliminate other thermal signatures. Videos and imagery such as population digital archives allow
for playback or repeated reviews, a luxury not afforded by covey-call surveys or other real-time
wildlife survey, which was shown to improve reliability in a marine mammal study by increasing
accuracy and decreasing error when compared to helicopter surveys (Kelaher et al. 2020).
As expected, true positive rate increased with increasing covey size. The size of the
thermal signature would have increased with increasing covey size, and therefore be easier to
detect. Experimental coveys comprised of three and six bobwhites were actually below the
average fall covey size of approximately twelve birds (Wing 1941, Janke et al. 2013).
Meanwhile, coveys can also be as large as almost twice that average (Williams et al. 2003).
Therefore, it is possible that had we included a covey of another size (e.g., 15), the true positive
rate could have been larger than the true positive rate observed in coveys of twelve individuals.
In this study, we focused on small coveys, since ideally, we would want to be able to detect even
small coveys in a survey. Covey size may be smaller in more isolated populations with lower
baseline abundance. Covey size fluctuates throughout the season as coveys break up and
intermingle (Ellis et al. 1969, Yoho and Dimmick 1972a, Janke et al. 2013). Due to the shuffling
that occurs during the season, smaller coveys may be missed in traditional counts or they may
serve to skew the estimated number of coveys and individuals present, if the density index is
being used to estimate individual density and assuming a covey of a certain size (DeMaso et al.
1992). As infrared camera technology improves, there is potential for biologists to be able to
count the number of individuals within a covey, creating a more robust density estimate.
The false positive rate was not vastly different among covey sizes. By photograph, the
false positive rate was undefined for coveys because the equation involved dividing by the
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number of photos without coveys. The number of photos without coveys was zero because
photos with no coveys could not have a covey size above zero.
Contrary to expectations, grass had the least detection rate. We expected better visibility
to the ground for grass than for forest or shrub, due to the density of the tree canopy and
dominant presence of Rubus spp. thickets in shrub sites. The 16.1% photograph-level false
positive rate and the 0.2% cell-level false positive rate in grass suggests mistaken detection by
observers was not a pervasive issue. Further, since observers only successfully identified 40.3%
of the true coveys in grass, it is possible that the thermal signature of coveys was not as wellcontrasted against survey platform temperatures in grass than in shrub or forest. In shrub, 60.5%
of coveys were correctly identified, suggesting that shrub and forest allow for more easily
discernible thermal signatures. Fortunately, the bobwhite preference for night-roosting in
shrubby and woody habitat during the non-breeding season suggests covey presence in grassy
environments may be limited during surveys (Yoho and Dimmick 1972b, Janke and Gates 2013).
Heat emitted from trees was one concern with sUAS imagery. Bright spots appeared in
many of the photographs, but further scrutiny when comparing the photographs to video reveals
that many of these thermal signatures were tree trunks or limbs. However, this was not always
obvious in the photographs. A study of white-tailed deer (Odocoileus virginianus) also had
difficulty discerning the target species from the background, but found it was worse at noon than
at twilight (Witczuk et al. 2018). It is possible that flying later at night would remedy the issue.
Post-hoc analysis suggests that allowing observers to view video footage as a means to enhance
their search image before photographs would have increased their ability to recognize various
non-covey heat signatures (e.g., trees and other vegetation, ant beds).
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Overall, observer prediction was not an accurate representation of actual covey locations.
The observers in this study were only given a few example photographs featuring how a covey
may appear. All but one observer had no experience with evaluating infrared thermal imagery in
the last five years. It is possible that the true positive rate could be improved with more observer
training on the appearance of covey thermal signatures and greater familiarity with the site
possibly achieved by permitting access to thermal video footage. Experienced observers have led
to greater consistency in detection (Beaver et al. 2020) and greater detection rates (Linchant et al.
2018).
In addition to sUAS and thermal imagery, passive acoustic surveys (autonomous
recording units, acoustic recording devices, etc.) could be a possible alternative to traditional
counts. Passive acoustic surveys have been demonstrated to produce similar outcomes to avian
point counts (Darras et al. 2018) and Gambel’s quail counts (Overton et al. 2020) conducted in
real-time by observers. Like recording photographs or video with a sUAS, recording devices
offer the advantage of playback. However, researchers testing these relatively new recording
devices on playback recordings of northern bobwhite covey calls from various distances heard
only 48% of the calls and distance and background noise affected their true positive rates
(Wilhite et al. 2020). Unlike our study, vegetation did not seem to affect detectability and the
authors suggest passive acoustic surveys could be an alternative to auditory counts with a small
listening radius (Wilhite et al. 2020).
The use of an sUAS-mounted thermal camera could be a viable alternative to the morning
covey-call survey. While true positive rates from this method are far from perfect, they are
comparable or better than the 0.596 detection rate of covey-call surveys (Riddle et al. 2008) or
the 0.48 detection rate of passive acoustic surveys (Wilhite et al. 2020). However, more research
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is needed to evaluate the possibility of using an unmanned aerial system-mounted thermal
camera to count northern bobwhites and similar Galliformes. Machine learning and
convolutional neural networks may produce more consistent estimates and evaluation of
photographs. Thermal image resolution is lesser than that of current RGB imagery, but
convolutional neural networks have the potential to improve identification accuracy because a
computer has a different approach to identifying an object than human observers do. When
artificial intelligence was utilized in a study of sUAS study of koalas, the detection rate was
100% (Gonzalez et al. 2016). Timing of the flight may also be important. Some studies have
indicated that the ideal time for monitoring birds with an sUAS and thermal camera is at or
before sunrise (Scholten et al. 2019), which coincides with the time at which coveys call and
when traditional call-based surveys take place.
Additionally, vegetation obstruction is still a concern that may be causing us to miss
coveys or other target species or individuals. The conundrum of sUAS research is that an sUAS
allows access to remote areas (Chabot and Bird 2012, Sardà‐Palomera et al. 2012, Wilson et al.
2017, Scholten et al. 2019) and possibly with less disturbance than other methods (Gillette et al.
2015:20, Scholten et al. 2019), but the vegetation density may be preventing accurate and precise
counts (Boonstra et al. 1995, Gillette et al. 2013, Smith et al. 2016, Stephenson et al. 2019).
More research is needed to determine appropriate altitudes for studying Galliform
aggregations with minimal flushing. Leks may be more likely to flush when the sUAS is flown at
lower altitudes or in moderate winds (Rischette et al. 2020). Other studies have demonstrated
disturbance in birds in reaction to an sUAS changing direction above them (McEvoy et al. 2016,
Mulero-Pázmány et al. 2017). In addition to obvious behavioral reaction, studies should look at
increases in heart rate. Some birds have expressed stress from sUAS flights through only a
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higher heart rate without behavior change (Weimerskirch et al. 2018), but avian heart rate has
been viewed as a more objective human disturbance measure than behavioral changes alone
(Ellenberg et al. 2013). Ideally, sUAS flights should minimize stress or likelihood of disturbance,
produce discernable thermal signatures, and have efficient battery life and spatial coverage.
As sUAS technology becomes more practicable and as image analysis methods, such as
neural networks become increasingly refined, managers and intrepid landowners could someday
rely more on thermal sUAS for bobwhite monitoring than on a team of volunteers with
clipboards and datasheets. As this technology improves, we recommend future research focus on
evaluating the efficacy of this novel methodology through evaluating larger coveys and other
cover types, having more experienced observers or artificial intelligence interpret photographs,
and assessing the influence of weather conditions, camera specifications, flight speed, thermal
image resolution, and altitude.
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Table 1.1

Confusion matrices containing average detection by photograph and detection by
photograph cell across 31 observers from a March 2020 sUAS flight at B. Bryan
Farms, West Point, MS

Detection by Photo (n= 56)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
35.06

(true negative)
Covey
Total

43

(false positive)
7.16

13

(true positive)

40.90

Detection by Photo Cell (n= 7952)
Actual (true location)

7.94

5.84
(false negative)

Total

15.10

56

Prediction (Observer Detection)
No covey

No covey

Covey

7922.00
(true negative)

Covey

6.77
(false negative)

Total

7928.77
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Total
17.00 7939.00

(false positive)
6.23

13.00

(true positive)
23.23 7952.00

Table 1.2

Confusion matrices containing average video detection and detection by video
segment/time across 31 observers from a March 2020 sUAS flight at B. Bryan
Farms, West Point, MS

Detection by Video (n= 6.19)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
2.26

(true negative)
Covey
Total

Actual (true location)

3.10

(false positive)
2.58

3.10

(true positive)

2.77

Video Segments (n= 738)

3.42

6.19

Prediction (Observer Detection)
No covey

No covey

Covey
727.58

(true negative)
Covey
Total

Total
3.42 731.00

(false positive)

4.97
(false negative)

Table 1.3

0.84

0.52
(false negative)

Total

2.03

7.00

(true positive)

732.55

5.45 738.00

Confusion matrices containing averages for photograph detection and detection by
photograph cell across 31 observers for three different habitat types (grass, shrub,
forest) from a March 2020 sUAS flight at B. Bryan Farms, West Point, MS

Grass- Detection by Photo (n = 16)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
11.74

(true negative)
Covey

1.19
(false negative)

Total

12.94
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Total
2.26

14.00

(false positive)
0.81

2.00

(true positive)
3.06

16.00

Table 1.3 (continued)
Grass- Photo Cells (n= 2272)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey

2265.71
(true negative)

Covey
Total

No covey

2.00

(true positive)
5.13 2272.00

Covey
10.23

(true negative)
Covey
Total

14.00

(false positive)
2.42

4.00

(true positive)

11.81

Shrub- Photo Cells (n= 2556)

Total
3.77

1.58
(false negative)

6.19

18.00

Prediction (Observer Detection)
No covey

No covey

Covey

2542.48
(true negative)

Covey
Total

(false positive)
1.77

4.00

(true positive)

2544.71

Woods- Detection by Photo (n= 22)

Total
9.52 2552.00

2.23
(false negative)

Actual (true location)

0.84

Prediction (Observer Detection)

No covey

Actual (true location)

(false positive)

2266.87

Shrub- Detection by Photo (n= 18)
Actual (true location)

4.29 2270.00

1.16
(false negative)

Total

11.29 2556.00

Prediction (Observer Detection)
No covey

No covey

Covey
13.10

(true negative)
Covey

3.06
(false negative)

Total

16.16
25

Total
1.90

15.00

(false positive)
3.94

7.00

(true positive)
5.84

22.00

Table 1.3 (continued)
Woods- Photo Cells (n= 3124)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey

3113.81
(true negative)

Covey
Total

Table 1.4

3.19 3117.00
(false positive)

3.39
(false negative)

Total

3.61

7.00

(true positive)

3117.19

6.81 3124.00

Confusion matrices containing averages for photograph detection and detection by
photograph cell across 31 observers for three different covey sizes (three, six,
twelve) from a March 2020 sUAS flight at B. Bryan Farms, West Point, MS

Three- Detection by Photo (n= 3)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
0.00

(true negative)
Covey
Total

0.00

(false positive)
1.03

3.00

(true positive)

1.97

Three- Photo Cells (n= 426)
Actual (true location)

0.00

1.97
(false negative)

Total

1.03

3.00

Prediction (Observer Detection)
No covey

No covey

Covey
422.74

(true negative)
Covey

2.06
(false negative)

Total

424.81
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Total
0.26 423.00

(false positive)
0.94

3.00

(true positive)
1.19 426.00

Table 1.4 (continued)
Six- Detection by Photo (n= 4)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
0.00

(true negative)
Covey
Total

0.00

(false positive)
2.32

4.00

(true positive)

1.68

Six- Photo Cells (n= 568)
Actual (true location)

0.00

1.68
(false negative)

Total

2.32

4.00

Prediction (Observer Detection)
No covey

No covey

Covey
561.81

(true negative)
Covey

2.19 564.00
(false positive)

2.48
(false negative)

Total

Total

1.52

4.00

(true positive)

564.29

3.71 568.00

Twelve- Detection by Photo (n=
4)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
0.00

(true negative)
Covey

1.68
(false negative)

Total

1.68
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Total
0.00

0.00

(false positive)
2.32

4.00

(true positive)
2.32

4.00

Table 1.4 (continued)
Twelve- Photo Cells (n= 852)
Actual (true location)

Prediction (Observer Detection)
No covey

No covey

Covey
843.39

(true negative)
Covey

2.23
(false negative)

Total

845.61
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Total
2.61 846.00

(false positive)
3.77

6.00

(true positive)
6.39 852.00

Table 1.5

Table of summary statistics from a survey completed by 31 graduate students and biologists in Mississippi regarding
detection of coveys in infrared images taken in March 2020 by a sUAS-mounted thermal camera at B. Bryan Farms,
West Point, MS

Detection
Photo
Cell
Video
Segment/Time
Photo
Photo
Photo
Cell
Cell
Cell
Photo
Photo
Photo
Cell
Cell
Cell

Category
All
All
All
All
Hab Type
Grass
Hab Type
Shrub
Hab Type
Woods
Hab Type
Grass
Hab Type
Shrub
Hab Type
Woods
Covey Size 3
Covey Size 6
Covey Size 12
Covey Size 3
Covey Size 6
Covey Size 12

n
56
7952
6
738

TP
FP
TN
FN
Rate
Rate
Rate
Rate
Accuracy Error Rate Precision Prevalence
0.551 0.185 0.815
0.449
0.754
0.246
0.474
0.232
0.479 0.002 0.998
0.521
0.997
0.003
0.268
0.002
0.833 0.271 0.729
0.167
0.781
0.219
0.755
0.500
0.290 0.005 0.995
0.710
0.989
0.011
0.290
0.009

16

0.403

0.161

0.839

0.597

0.784

0.216

0.263

0.125

18

0.605

0.270

0.730

0.395

0.703

0.297

0.391

0.222
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0.562

0.127

0.873

0.438

0.774

0.226

0.674

0.318

2272

0.419

0.002

0.998

0.581

0.998

0.002

0.164

0.001

2556

0.444

0.004

0.996

0.556

0.995

0.005

0.444

0.002

3124
3
4
4
426
568
852

0.516
0.344
0.581
0.581
0.312
0.379
0.629

0.001
N/A
N/A
N/A
0.001
0.004
0.003

0.999
N/A
N/A
N/A
0.999
0.996
0.997

0.484
0.656
0.419
0.419
0.688
0.621
0.371

0.998
0.344
0.581
0.581
0.995
0.992
0.994

0.002
0.656
0.419
0.419
0.005
0.008
0.006

0.516
1.000
1.000
1.000
0.784
0.379
0.629

0.002
1.000
1.000
1.000
0.007
0.007
0.007
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Figure 1.1

Map of flight zones and covey locations within three cover types: grass, shrub,
forest and three covey sizes (3, 6, and 12 individuals) for detection by an
unmanned aerial system equipped with a thermal camera, B. Bryan Farms, West
Point, MS

Flight zones C and D are in grass, E and F are in shrub, and A, G, and H are in forest. Flight zone
B contains three grass points to the north and three shrub points to the south.
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Figure 1.2

Sample flight path for sUAS-mounted thermal camera missions at B. Bryan Farms,
West Point, MS
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Figure 1.3

Infrared photograph overlaid with a 143-cell grid from a survey distributed to
graduate students, postdocs, and biologists.

Photograph was taken with a sUAS-mounted thermal camera on March 5, 2020 at B. Bryan
Farms, West Point, MS. Simulated covey is in cell C4.
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Figure 1.4

Infrared video overlaid with three segments from a survey distributed to graduate
students, postdocs, and biologists.

Imagery is from a sUAS-mounted thermal camera that flew on March 5, 2020 at B. Bryan
Farms, West Point, MS.
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